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* From Mitchell (1997: 2):

A computer program is said to learn from
experience E with respect to some class of
tasks T and performance measure P, if its
performance at tasks in T, as measured by P,
Improves with experience E.

» From Witten and Frank (2000: 6):

Things learn when they change their behavior in a
way that makes them perform better in the future.

In practice this means:

We have sets of examples from which we want to extract
regularities.
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Machine learning by Tom Mitchell, McGraw Hill, 1997.

el gl @

Artificial Intelligence: A Modern Approach, By Stuart J.

Russell and Peter Norvig, 2" Edition.

Reinforcement learning: An introduction, By Richard S.
Sutton & Andrew G Barto.

Introduction to machine learning by Nils J. Nilson.
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Introduction

Learning Concept

Decision Tree Learning
Acrtificial Neural Networks
Evaluating Hypothesis
Bayesian Learning & Networks
Computational Learning Theory

Learning based Instance
Algorithms Genetic

Reinforcement Learning
SupportVector Machine (SVM)
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Input feature: X(I) = b colue ®
Output feature: y(I) = b cwd ®

5ok i < x(i), y(i) >
5ok asgeme (D), (i) , i=1:m}

U meply> o (6 50b dcgeme SO blo b oig Sl Jee
soe LY e Wl N(X) a5 0 K ok NI XY & s
g o 0dusls NYPOLNESIS L g as 8wl opl i oo

o dly codlwlolsT olKsils S5 0 g 2ST0 1 olll Oesle (6 580L 1wy 2l



(GOAIwd g (yguw S

.(Regression) :yguw, S, ®
S 6ok Al aBl wlngy Ojgar Sae &b a5 8

Jio 09 aales (Curve fitting oo yailily) ygumw 5, alivo
(P HES WL.wogwﬁc\.la:‘) L.S)'.‘:f‘)l:’.

(Classification) cuocsaiws @

s O, 50 A Lo8e c0g0e dows Wilgn Lhas YV aS 8
e ) S9 = =9
Saisyee 5 Ll fie 09 wales sussains diie SO (5, 50L
Tl SO L el Qw)l{'] SO

o dly codlwlolsT olKsils S5 0 g 2ST0 1 olll Oesle (6 580L 1wy 22



‘S)-H& )450 .
)-A-AS)-A-O' cs“‘“" olEisls 3 0

5y aoly oSLaloliTolSils S SugmaniSs iolind cdle (s ,Soly s o 23



